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Abstract
People use social networks to get current
information, express their emotions and ideas, and
connect with others. During a social crisis, there is a
heightened value in using a social network to get
information. Unfortunately, using a social network
during a social crisis also provides fertile grounds for
uncertainties
and
rapid
dissemination
of
misinformation. Currently, there are multiple types of
social networks including traditional and anonymous
social networks. This research considers the differences
between these two types of social networks. During the
‘Concerned Student 1950’, a student activist group at
the University of Missouri, crisis at the University of
Missouri, we captured users’ messages on two distinct
anonymous and traditional social networks. Through
sentiment analysis of datasets from Twitter and Yik Yak,
we find that people express less total sentiment and
more extremity on anonymous social networks. Results
show extremity and length positively influence
engagement, but total sentiment negatively influence
engagement. These findings provide guidance for
developers, law enforcement, and social network users.

1. Introduction
Social network (SN) use continues to rise among
Americans, indicating an infiltration of SNs into the
daily lives of all generations of online adults, no longer
just millennials [20]. In 2016, according to the Pew
Research Center, 62% of Americans claim SNs as a
news source [19]. As a result, SNs have now entered the
mainstream as a place for information for all of society,
as well as a place to spur social change.
Specifically, multiple social movements have been
identified as directly impacted by the use of SNs such as
the Mumbai terror attacks, the Toyota recall, and the
Seattle café shooting incident [35], the 2011 revolution
in Egypt [36], Ferguson riots, and Baltimore riots [7,
23]. The recent “Black Lives Matter” movement began
with just a hashtag in 2012, and the founders credit SNs
for the success they have seen [46].
Because of the rate of dissemination of information
on SNs, situations can escalate very quickly, sometimes
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leading to a social crisis. There are five key features of
a crisis according to Pearson and Clair [40]: it should be
an ambiguous situation, be unlikely to occur, have a
short reaction time, be surprising, and require a decision
to be made.
One such social crisis occurred at the University of
Missouri (MU) in the fall of 2015. A group of students,
named ‘Concerned Student 1950’ (CS1950), used SNs
to bring attention to racism on their campus. Building
on previous events from neighboring Ferguson,
Missouri, CS1950 centered on black student
experiences with racism on campus [8].
Meanwhile, several of their fellow students used
SNs to agree or disagree with the message, sometimes
interacting anonymously [26]. Using the anonymous SN
application, Yik Yak, some observers made threats to
the campus, resulting in arrests [57].
Yik Yak allowed geo-fenced communities to
interact without individually identifying information,
unlike traditional SNs which require a profile. With the
veil of anonymity, people were able to be more critical
of a situation than they might feel comfortable being on
traditional SNs. As a result, reactions to a social crisis
on the two platforms are likely different. In this
research, we address two research questions: how do
people engage on SNs during a social crisis, and how
does anonymity influence engagement on SNs during a
social crisis?
To address these research questions, we use text
analytics on Twitter and Yik Yak posts as related to the
CS1950 social crisis. Understanding how users express
themselves differently is valuable to society as a whole,
higher education administrator, and SN developers. The
founders of Yik Yak explicitly condemned the way the
SN app was used during the CS1950 crisis [3],
indicating the designers overlooked uses of their app
while developing the concept. As the global community
relies more on SNs for political, professional, and social
relationships, understanding the different uses of these
networks is important.
From a theoretical perspective, we advance
research models by providing a unique case study that
measures sentiment and extremity of the message using
text analytics. We further relate these indicators of
emotion to overall engagement with the content of the
message, which is an indicator of the reach of the
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message. Further, considering different uses of these SN
offerings, we highlight the need for new divergent
research models in each class to fully understand use
behaviors.

2. Literature Review
2.1. Traditional and Anonymous Social
Networks
SNs, in their simplest form, provide an online
environment for users to socialize with each other.
Collectively, SNs now have over one billion global
users [54]. Traditional SNs generally include three
criteria: a semi-public profile on the network, a list of
others to connect with, and a way to view and respond
to others in the network [1]. Research on traditional SNs
is vast, including continued use [22], privacy concerns
[11, 25], and use of multiple SNs [41].
Anonymous SNs are a new class of SNs and a new
technological artifact. They do not require, or allow, a
personal profile. They also do not have a list of
connected users, but instead rely on geo-fencing to
connect communities that will engage. Anonymous SNs
are an important SN though, because they fulfill the
fundamental requirements of allowing social
interactions for online users and, due to the geo-fencing,
create a sense of community for the users. There is
limited research on the use of anonymous SNs, although
evaluation of why people are using anonymous SNs is
becoming an increasingly important topic [e.g. , 17].
Anonymous SNs are primarily growing on college
campuses [4], where geo-fenced communities are
natural. The growth of anonymous SNs is partially due
to the ability to share information without being
identifiable [10]. Traditional SN users are seeking ways
to communicate in a more private manner than
traditional SNs allow [55].
Despite the ability to maintain social anonymity
within the network of an anonymous SN, there are
technical artifacts that trace users, such as IP addresses.
As a result, law enforcement has the ability to identify
users and prosecute those that present a threat to society.
Specifically, a student at another university was arrested
for an anonymous SN post about the CS1950 protests
[13].

2.2. Sentiments
SNs contain a full range of information about
opinions, debates, activities, intimate experiences,
locations, relationships, rumors, false and fake news,
and so on. Some users use SN functions to express their

emotions. Sentiment is the information about an
emotional state, judgement, or evaluation of people
about a certain topic, event, or other people [49].
“Sentiment suggests a settled opinion reflective of one’s
feelings” (Pang and Lee 2008, pp.9). Monitoring public
opinions about different topics is receiving more
attention from practitioners and researchers [39]. For
more efficient decision making about citizens, knowing
the overall crowd opinion is important. For example,
collective sentiment of U.S. Twitter users about a
presidential candidate is an important indicator of the
candidate’s approval rate and chance of winning an
election [6].

2.3. Engagement
The ultimate goal of a SN is to be social with others.
On an SN, there are multiple ways for people to indicate
they are engaged with another user’s post. Engagement
refers to going beyond viewing and instead creating
emotional investment [38]. On SNs engagement occurs
by reacting to the post, instead of just viewing it.
Research shows sentiments are associated with
sharing behavior on SNs [49]. Reactions of people on
SNs to unexpected social crises differ greatly [15].
During a social crisis, there are higher tendencies to
express ideas, concerns, and responses more openly [9].
Because a social crisis occurs for a limited time, the
efficiency of the message is more important; therefore,
clearly expressing sentiment so there is less concern of
interpretation is vital. Emotionally charged information
on SNs diffuses more quickly, showing the efficiency it
creates [49].
In addition, prior research shows negative
sentiment postings on Facebook result in more user
engagement in the form of comments than posts with a
positive sentiment [48]. In the context of Twitter, a
negative sentiment is related with the quantity and
velocity diffusion of the messages [49]. The sentiment
analysis of users’ opinions on SNs during a crisis, can
provide helpful resources to cope with the situation [15].

3. Model Development
Impression management theory suggests that
people regulate how others perceive them [28]. Based
on this theory, users of a traditional SN are actively
crafting the impression that their network is interpreting.
Research indicates that impression management causes
people to divide their traditional SNs differently, to
maintain a positive impression for their entire SN [18,
37]. As a result, those that are using a traditional SN are
subject to maintaining positive impressions of
themselves.
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On SNs, posts containing more sentiment increase
users’ attention and engagement [30]. On anonymous
SNs, people do not need to acknowledge their behaviors
and are therefore less vulnerable to the consequences of
their behaviors on their offline identity [50]. People tend
to share intimate personal information with strangers, a
phenomenon known as “stranger on a train” [21]. Posts
containing more sentiment on SNs would increase the
likelihood viewers will get involved with it by reposting
or commenting. Therefore, we hypothesize:
H1- If the total sentiment is higher it will illicit
more engagement.
Extremity of a message can be defined as the high
difference between its sentiment and overall sentiments
of similar messages under the same situation. The
sentiment extremity is different from total sentiment.
Extremity reflects how one particular message is deviate
from overall sentiments of other messages. When many
messages have high total sentiments, only one message
with a very low sentiment score may stand apart from
the crowd and engage more people. Previous research
shows that extreme information is more influential than
moderate information [47]. For example, in the context
of online reviews, extremity of the contents motivates
users to get involved due to higher cognitive dissonance
[27]. Similarly, on SNs people express their feelings and
sentiments in the messages they post. Due to differences
in social/personal involvement with a social crisis,
people share very extreme information resulting in
higher sentiment than the overall sentiment of messages
posted by other individuals. Because extreme
information is unequivocal it has more effect on users’
behaviors [14]. Users engage more with extreme
information to express their support or opposition.
Consequently, we propose:
H2- If a message is extreme it will illicit more
engagement.
Length of online comments is an indicator of the
effort that people put behind them when they are being
written [29]. As a result, many people have higher trust
levels toward longer comments on online contexts [29].
Length of messages is often measured by word count
[12]. The maximum length of tweets is 140 characters,
while Yik Yak lets users compose up to 200-character
messages. Several studies have identified the positive
influence of length on helpfulness of contents, such as
online reviews [33]. During social crisis situations,
people want to gather as much information as possible
[24]. Hence, when a message is longer, it makes people
want to engage more with it. We suggest:

H3- If a message is longer it will illicit more
engagement.
Contrastingly, users of anonymous SNs are not
building or maintaining any impressions, because they
are anonymous to the network of users. Anonymity can
cause people to cyberbully [31] and ultimately behave
more aggressively [32]. Essentially, users of an
anonymous SN are able to hide behind their screens, as
long as they do not post anything that is threatening
enough for law enforcement to get involved. Therefore,
we propose the following hypothesis:
H4a- If using an anonymous SN, the effect of total
sentiment of a message on engagement will be higher.
The ability to remain socially anonymous reduces
the fear users have of disapproval, censorship, and
evaluation by the network [42]. Anonymity encourages
users to be more honest in their interactions [42]. If a
common identity is present, anonymity positively
influences social influence [43]. Prosocial words are
used more in anonymous groups than groups with
known identity [43]. In addition, people tend to be more
open and honest when they perceive anonymity is
present. For example, anonymity on SNs provides a
place of excessive freedom for sharing content [16].
Because social presence (i.e. an identifiable profile)
decreases the extremity in discussions [45] on SNs,
anonymity makes it more convenient for users to be
more extreme. Thus, we suggest:
H4b- If using an anonymous SN, the effect of
extremity on engagement will be higher.
Similarly, when using anonymous SNs people are
expected to express their ideas, thoughts, and emotions
more explicitly. As a result, a message in an anonymous
SN when longer has a potential to include more
unfiltered content.
H4c- If using an anonymous SN, the effect of
length on engagement will be higher.
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Figure 1. Proposed research model of user-message
engagement during a social crisis

4. Methodology
To assess our hypotheses, we downloaded data
from two SNs immediately following the CS1950
incident at MU in the fall of 2015. Research indicates
there are stronger reactions to an event immediately
following the event, than later [56]. Yik Yak, an
anonymous SN, was selected to gather anonymous data,
because it had a high engagement rate on college
campuses at the time. Yik Yak could only be accessed
via smartphones, limiting the ability to scrape data, and
was therefore manually collected by the researchers
using screenshots. A total of 1042 unique Yaks were
captured. For identified data, Twitter was chosen to be
representative of traditional SNs. Twitter is the best SN
to contrast with Yik Yak because the feeds generally
have a similar, short, feel, and younger Americans are
more likely to use Twitter than their older counterparts
[20]. We used #Mizzou and keyword Mizzou to extract
tweets about the event. By using a Twitter API
developed by authors, a total of 3476 tweets were
downloaded. The resulting tweets are likely to be
representative of similar demographics as Yik Yak,
although tweets are not geo-fenced. Therefore, the
datasets are similar, but distinct based on the intents and
purposes of each SN. After removing duplicates and
irrelevant data, a total of 834 Yaks and 3024 tweets were
collected about the CS1950 incident from November
10-13, 2015. Using this data, we next conducted
sentiment analysis.
The goal of sentiment analysis is to capture
favorability of a text on a given topic using natural
language processing [39]. Traditional sentiment
analysis methods are based on lexicons to determine the
positivity or negativity of words and then calculate the
polarity of the text [5]. Inability of traditional sentiment

analysis methods to capture the actual meaning of words
in different contexts is the motivating factor for more
granular techniques to provide implicit and explicit
sentiment expressions [53]. More advanced techniques
provide a continuous sentiment measure to determine
sentiment-level polarity [58]. In this study,
Sentistrength software [51] was used to detect the
positive and negative sentiment strength of the collected
Yik Yak and Twitter posts. The software is a free tool
available to academia and it has been tested and verified
in previous research [44]. For each message, a positive
sentiment is indicated by a score from 1 (neutral) to 5
(strongly positive), a negative sentiment score is
indicated by a score of -5 (strongly negative) to -1
(neutral). We calculated the total sentiment of each
message by using the sum of absolute values of negative
and positive sentiment scores in the following formula:
Total Sentiment = Positive Sentiment Score + ABS
(Negative Sentiment Score)
Sentiment extremity of each message is calculated
based on the depreciation of total sentiment from the
average sentiment scores of each dataset for tweets and
Yaks using the following formula:
Sentiment Extremity = Total Sentiment – Average
Sentiment Score
We also created one dummy variable, anonymity,
to test the moderation effect of anonymity on three
relationships with engagement. Yaks are considered to
be anonymous and received the score of 1 and tweets
received the score of zero. Finally, to determine the
engagement with the post, we used two measures. On
Yik Yak, a post gains in popularity, and builds the user
“Yak Karma” on the SN, when it is up voted by the
community. A separate feed displays the most popular
Yaks in the geo-fenced community. On Twitter,
individuals have the opportunity to “retweet” a complete
tweet or quote the tweet in their own post. Both of these
are indicators of engagement with the message.
Twitter provides a twitter activity dashboard, which
includes a measure for Twitter engagement. Twitter
engagement for each message is the amount of
interactions with each tweet however it is only available
for the user who posts the message [52]. To determine
engagement as an external observer, the number of
retweets is an appropriate indicator.

5. Results
After data collection, we performed multiple steps in our
analysis. The first step was to analyze the descriptive
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statistics (presented in Table 1). Based on this, the data
is not normal. There are very high standard deviations
and various ranges. As a result, to adjust the overdispersion of engagement, there was a need for a
logarithmic transformation [2,41]. To test the
hypotheses, we used the following regression model:
log(𝐸𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡) = 𝛽0 + 𝛽1 𝑇𝑜𝑡𝑎𝑙 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 +
𝛽2 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝐸𝑥𝑡𝑟𝑒𝑚𝑖𝑡𝑦 + 𝛽3 𝐿𝑒𝑛𝑔𝑡ℎ +
𝛽4 𝐴𝑛𝑜𝑛𝑦𝑚𝑖𝑡𝑦 + 𝛽5 𝑇𝑜𝑡𝑎𝑙 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 ×
𝐴𝑛𝑜𝑛𝑦𝑚𝑖𝑡𝑦 + 𝛽6 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝐸𝑥𝑡𝑟𝑒𝑚𝑖𝑡𝑦 ×
𝐴𝑛𝑜𝑛𝑦𝑚𝑖𝑡𝑦 + 𝛽7 𝐿𝑒𝑛𝑔𝑡ℎ × 𝐴𝑛𝑜𝑛𝑦𝑚𝑖𝑡𝑦
Table 1. Descriptive statistics
Variable
Engagement
(Retweets)
Engagement
(Upvotes)
Total Sentiments
(Twitter)
Total Sentiments
(Yik Yak)
Sentiment
Extremity (Twitter)
Sentiment
Extremity
(Yik Yak)
Length
(Twitter)
Length
(Yik Yak)
Positive Sentiment
(Twitter)
Positive Sentiment
(Yik Yak)
Negative Sentiment
(Twitter)
Negative Sentiment
(Yik Yak)

Range
0 – 8694

Median
83

-4 – 222

7

Mean (SD)
722.64
(1386.23)
13.41 (22.61)

2– 8

3

3.35 (1.27)

2– 8

3

3.27 (1.20)

0.35 –
4.65
0.27 –
4.73

1.35

1.08 (0.68)

0.73

1.00 (0.66)

15 – 140

137

122.36 (24.52)

1 – 417

64

78.03 (59.53)

1– 5

1

1.36 (0.57)

1– 5

1

1.42 (0.65)

-1 – -5

-2

-1.98 (1.07)

-1 – -5

-2

-1.90 (1.05)

Next, we tested for multicollinearity by analyzing
the correlation matrix and Variance Inflation Factor
(VIF) values (Table 2). VIF indicates the degree of
multicollinearity and measures the multicollinearity
effect on regression results [34]. The results indicate
relatively medium correlations. As seen in the
correlation table, there is high correlation between total
sentiment and sentiment extremity. This is expected the
more total sentiments in a message, the more likely it is
to contain extreme sentiments. We checked for
multicollinearity to make sure that high correlation
between total sentiment and sentiment extremity is not
an issue for our regression analysis. Due to medium
correlation between some variables, we checked the VIF
of independent variables. The results of the analysis
showed all VIF values obtained are lower than 10 and
there is no multicollinearity symptom.

Table 2. Correlation matrix

Variable

1

2

3

4

1

Engagement

1.00

0.12**

-0.02

0.21**

2

Sentiment
Extremity
Total
Sentiments
Length

0.12**

1.00

.42**

0.08**

-0.02

0.42**

1.00

0.29**

0.21**

0.08**

0.29**

1.00

3
4

**. Correlation is significant at the 0.01 level (2-tailed).

Having satisfied these conditions, we next
performed the regression analysis. The resulting model
is significant (F= 114.589, p<0.001). The resulting
variance explained is 15.1%. All of the variables are
significant (p<0.001). Complete results of the analysis
are shown in Table 3. Results of the analysis indicate
H2, H3, H4a are significant, while H1, H4b, and H4c
are in the opposite direction of what was hypothesized.
Extremity and length are positively related to
engagement, supporting H2 and H3. The moderation
effect of anonymity on the relationship between total
sentiment and engagement is positive and significant,
supporting H3a. On the other hand, total sentiment is
negatively related with engagement, opposite to the
direction of H1. The moderation effect of anonymity on
the relationship between extremity and engagement and
length and engagement is negative, contrary to our
hypotheses H3b and H3c.
Table 3. Regression Results and Collinearity Test

Variable

B

Std. B

t

VIF

Total Sentiments
𝛽1 -0.181 -9.01**
Extremity
0.202
10.01**
𝛽2
Length
0.187
5.57**
𝛽3
Anonymity
-0.255
-2.40**
𝛽4
Anonymity × Total
0.282
5.629**
𝛽5
Sentiment
Anonymity ×
𝛽6 -0.168 -3.58**
Extremity
Anonymity × Length
𝛽7 -0.169 -2.67**
**. Significant at the 0.001 level. (2-tailed).

1.39
1.50
3.376
9.005
8.870
3.57
6.392

6. Discussion
The results of this study indicate differences
between anonymous and traditional SNs. When
anonymity is added to the model as a moderator, the
results show more extremity and more total sentiment
increase engagement.
On both SNs, length, total sentiment, and extremity
increase engagement. In language, there is an expression
that the “squeaky wheel gets the oil” to explain that if a
person complains loud enough and long enough, they
will get attention. Our findings show the same is true for
SNs. This suggests that people are more likely to engage
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with messages that are clearer (because they are longer),
have a more expressive message (based on polarity), and
are more extreme. Despite this finding, SN users are
interested in tools to help increase privacy [55]. The
results of the moderation effect reflect this hope for
more privacy.
The most interesting finding of these results is the
moderating effect of anonymity. Posts on an anonymous
SN are more impactful when they are polarizing and
extreme. This aligns with the intent of anonymous SNs
to allow people to express more honest opinions without
repercussions. Anonymity is associated with lower
inhibitions, which increases willingness to post less
socially accepted viewpoints [42].
Another finding is about the moderation effect of
anonymity on the positive effect of length on
engagement. While lengthier tweets result in higher
engagement, the effect is reversed for anonymous Yaks.
This can be explained ny the fact that people should be
on-point and concise when there is no identity. Users
pay less attention to a stranger’s message on an
anonymous SN if it is very long, compared to a
potentially known source on a traditional SN, no matter
how long it is people may have higher tendencies to
engage with it.
These findings have important implications. Prior
research shows that SNs can be a useful tool for
emergency officials during a social crisis [56]. As a
result, it is important for emergency response teams to
understand the ways that different SNs are used to
convey messages. This research can help with choosing
the most useful platform, as well as biases to be aware
of during a social crisis. Further, the development of
SNs can benefit from understanding how different SNs
are used. Anonymous SNs should be alert to the
potential misuses and consider ways to combat the
spread of negative messages. Some ideas include a more
immediate response to flagged posts as well as constant
monitoring, potentially by Artificially Intelligent
machines.
As with all research, this study is subject to certain
limitations. The measure for engagement between
anonymous and traditional SNs is not the same. Retweet
versus Up votes are two distinct ways to interact online;
however, when comparing two different systems, there
are certain constraints that cannot be changed. We feel
that these measures are the best for determining
engagement because they are both the most powerful
way a person can show agreement on each SN.
Secondly, this study is limited to publicly available
data. Yik Yak data is geo-fenced, however there is a
“peek” option to allow anyone to see data from other
locations. Twitter data can be set to private or public. If
it is private, data is only accessible to users that the
poster allows; therefore, the data used in this study is all

public data. Arguably, people could be even more
honest, and even more extreme if their profile is private.
People use segmentation strategies to change their
image on SNs [18].
Third, the sentiment analysis software that we used
for the analysis can produce several measures of textual
information. However, it is unable to detect specific
contexts, such as racism. Fourth, this study focuses on a
crisis event because it ensures the content of posts is
similar. Determining if these results are similar in other
events that are not a social crisis, such as a natural
disaster or a celebratory event, could strengthen the
generalizability of our results.
Finally, the explanatory power of the model, as
stated in the results, is moderate. In the future by
inducing more predictors a higher explanatory power
can be achieved. Therefore, this paper serves only as the
beginning of research in the area of anonymity on SNs.
Unfortunately, as of May 2017 Yik Yak has officially
been shut down due to several reasons; therefore, there
are even fewer options to check the effect of anonymity
during a social crisis.

7. Conclusion
With this research, we provide the only analysis of
actual anonymous SN data, that we are aware of. By
looking at the moderating effect of anonymity on
sentiment and extremity we gain better understanding of
what causes people to engage with a traditional and
anonymous SN, particularly during a social crisis. This
has valuable implications for law enforcement and
society as a whole as they try to trace and understand a
community of users during a social crisis. This also has
important design implications as Yik Yak tried to
reshape its application to more closely align with the
developers’ intentions. Theoretically, we offer new
insights into the differences between anonymous and
traditional SNs using text analytics. These differences
suggest the need for different theoretical underpinnings,
particularly the role of privacy and honesty, in future
research on these two divergent systems.
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